Modern monothetic hierarchical soil classification systems such as the Chinese Soil Taxonomy (CST) are semi-quantitative and their future development is likely to trend towards a fully quantitative system using the concepts of numerical taxonomy. Previous researchers have calculated the taxonomic distances between individual soils based on soil physiochemical properties, not, however, based on spectra of full soil profiles with different horizons. We hypothesized that numerical taxonomy implemented by cluster analysis of the taxonomic distance matrix based on vis-NIR spectra would accord with some CST Orders assigned by pedologists, and not with others, depending on how closely spectral features represent the diagnostic features used in the classification. Taxonomic distances in spectral space were computed for all pairs of 191 profiles, resulting in a distance matrix on which hierarchical cluster analysis was performed. Different indices were calculated to determine the optimum number of clusters, resulting in four spectral soil classes. These were then compared with CST Orders assigned to the profiles by expert allocation. The numerical classes and CST Orders matched poorly because of the completely different classification philosophies behind numerical taxonomy and the CST, which is based largely on presumed genesis and uses sharp thresholds leading to very similar soils being allocated to different classes. Thus, we consider the numerical classification as information that is complementary to the monothetic hierarchical system. Numerical classification can reveal the taxonomic objective aspects of the relation between the defined classes and can suggest new groupings.
Summary
Modern monothetic hierarchical soil classification systems such as the Chinese Soil Taxonomy (CST) are semi-quantitative and their future development is likely to trend towards a fully quantitative system using the concepts of numerical taxonomy. Previous researchers have calculated the taxonomic distances between individual soils based on soil physiochemical properties, not, however, based on spectra of full soil profiles with different horizons. We hypothesized that numerical taxonomy implemented by cluster analysis of the taxonomic distance matrix based on vis-NIR spectra would accord with some CST Orders assigned by pedologists, and not with others, depending on how closely spectral features represent the diagnostic features used in the classification. Taxonomic distances in spectral space were computed for all pairs of 191 profiles, resulting in a distance matrix on which hierarchical cluster analysis was performed. Different indices were calculated to determine the optimum number of clusters, resulting in four spectral soil classes. These were then compared with CST Orders assigned to the profiles by expert allocation. The numerical classes and CST Orders matched poorly because of the completely different classification philosophies behind numerical taxonomy and the CST, which is based largely on presumed genesis and uses sharp thresholds leading to very similar soils being allocated to different classes. Thus, we consider the numerical classification as information that is complementary to the monothetic hierarchical system. Numerical classification can reveal the taxonomic objective aspects of the relation between the defined classes and can suggest new groupings.
Introduction
Most current soil classification systems, such as Soil Taxonomy (ST) (Soil Survey Staff, 1999) , World Reference Base (WRB) (IUSS Working Group, 2006) and Chinese Soil Taxonomy (CST) (Cooperative Research Group on Chinese Soil Taxonomy, 2001) , are monothetic hierarchical classification systems. In the latter, individual soils are allocated to single classes according to sharp multivariate numerical structures. The concept of a 'natural' class, based on Aristotelean logic, is one revealed by its properties, not one imposed by criteria (Cline, 1949) . Whether or not this succeeds, it has spurred renewed interest in numerical taxonomy.
The application of taxonomic distance in soil classification dates back to the research of Hole & Hironaka (1960) , which coincided with intense activity in numerical taxonomy for biology pioneered by Sneath and colleagues in the 1960s (Sneath, 1995) . Previous applications have used soil physiochemical properties or morphological descriptions (by converting them into numeric values) to calculate the taxonomic distances between individual soil profiles, which are then used as an index to measure the (dis)similarity between objects within or between classes, or the (dis)similarity between central concepts of established taxa (Láng et al., 2013) . Michéli et al. (2016) suggest that taxonomic distances calculated at different levels of hierarchical soil classification systems can provide an objective evaluation of class definitions and criteria for these. These evaluations can serve as a basis in advancing towards a universal soil classification system.
Compared with the large amount of work needed for the acquisition of soil physiochemical properties, soil spectra are generally cheap, easy to measure, require minimum soil preprocessing and can also be recorded in situ. Therefore, soil spectra are a potential candidate for numerical soil classification because they contain integrated information on many soil properties (Viscarra Rossel et al., 2006) . The question is to what degree can they successfully differentiate established soil classes?
Previous research has demonstrated that soil spectra can be used to allocate an unknown soil profile to a known soil classification system (Vasques et al., 2014; Zeng et al., 2016a) . The paper of Viscarra Rossel & Webster (2011) was one of the pioneer papers to relate spectra to soil classes. These researchers used surface and subsurface vis-NIR spectra to classify 1697 profiles to the Australian soil classification system using canonical variate analysis trained on these profiles, resulting in an accuracy of allocation to ten soil Orders of 80% or more. Other previous studies have attempted to relate spectra to classification by machine learning methods such as decision trees or by multinomial logistic regression, for example Vasques et al. (2014) and Zhang et al. (2018) . These methods are direct, but the models relating spectra and soil class are empirical so it is unclear whether they can be applied to different soil types or in different research areas. In addition, only part of the information of a profile was used.
The studies of Vasques et al. (2014) and Zhang et al. (2018) did not take genetic horizons, horizon or layer sequences and thicknesses into account; a notable exception is the seminal work of Rayner (1966) . In most current soil surveys and previous surveys available as legacy data, for example in the World Soil Information Service (WoSIS) soil database from ISRIC-World Soil Information (Carvalho Ribeiro et al., 2015) , soil profiles are sampled by field-identified genetic horizons, resulting in different numbers of horizons and different depth intervals for each profile. This raises the issue of how to measure the similarity and taxonomic distance between data recorded at different soil depths and horizons. The issue of taxonomic distance between profiles was first addressed by Moore et al. (1972) and is currently programmed by Beaudette et al. (2013) in the aqp R package. However, to our knowledge, taxonomic distances based on spectra of full soil profiles with different horizons have not been explored previously.
Previous research that relates soil spectra to soil classes was mostly applied in classification systems where large soil profile databases were well established (e.g. Australia (Johnston et al., 2003) ). There are substantial differences among different classification systems; therefore, the utility of numerical taxonomy in spectral space needs to be verified in other national classification systems, such as CST. This is a hierarchical classification system, with a classification philosophy derived directly from ST, based on diagnostic horizons and diagnostic properties (Gong et al., 2003) . An important contribution of CST was the definition of an Anthrosols Order that was later taken up by WRB. Another innovation was the definition of an Aridic epipedon as the main diagnostic feature for CST Aridosols, and an isohumic property, relating to a uniform profile of organic matter, for CST Isohumosols, roughly equivalent to WRB Chernozems and Phaeozems. It is not known to what extent these new diagnostic horizons and properties can be identified from spectra.
This research was based on the following hypothesis. Numerical taxonomy as implemented by cluster analysis of the taxonomic distance matrix based on vis-NIR spectra will accord with some CST Orders assigned by pedologists, but will not match others, depending on how closely spectral features represent the diagnostic features used in the classification. After determining whether this hypothesis is correct, we aimed to see whether classification based on spectra could complement CST as an independent basis for classification.
Materials and methods

Research area and datasets
One hundred and ninety-one (191) soil profiles were selected from a spectral library of soil samples from the Heihe River basin in northwestern China (between 96 ∘ 8 ′ -104 ∘ 11 ′ E and 37 ∘ 42 ′ -43 ∘ 19 ′ N), which covers an area of 271 000 km 2 with diverse landscape and soil types. This area was chosen because it has a fairly wide range of soil types and properties, but has a sample set of manageable size on which to test our ideas.
The Heihe basin is divided into three distinctive geomorphological units: the Qilian Mountains in the source area of the river, the middle Hexi Corridor and the Alxa high plain in the lower reaches where the river sinks into the desert. The Qilian mountains range from 2000 to 5500 m.a.s.l., with high mountain glaciers, permafrost and an Alpine vegetation zone; the climate is steppe and desert steppe. The main CST Orders are Cambosols, Isohumosols, Aridosols and Primosols. Small patches of Histosols and Gleyosols are distributed in the alpine wetland. The middle reach features artificial oases with well-developed irrigation systems; the main CST Orders are Anthrosols and Cambosols. The lower reach is extremely arid (annual precipitation < 50 mm; potential evaporation > 3000 mm); the main CST Orders are Halosols, Ariodosols and Primosols. For more detailed information about the study area see Li et al. (2001) and for the sampling plan see Yang et al. (2016) .
Soil profiles with a complete record of field observation, laboratory measurements, photographs and spectral measurements over the whole profile were selected from the library, resulting in 191 soil profiles with 838 genetic horizons (Figure 1 ). The profiles were sampled to a depth of 1.2 m or to lithic or paralithic contact according to genetic horizons. The profiles were classified by pedologists from the Institute of Soil Science, Chinese Academy of Sciences, into eight of the 14 CST Orders, 12 Suborders, 22 Groups and 48 Subgroups of the CST. Two CST Orders were divided into more than one Suborder in this study area: (i) Cambosols were divided by temperature and moisture regimes (Gelic, Ustic and Aquic), and (ii) Primosols were divided by origin (Alluvic, Sandic and Orthic), based on particle-size distribution and evidence of active flooding.
Soil organic carbon (SOC) was measured using the Walkley-Black wet oxidation method (Nelson & Sommers, 1996) and particle size was measured by a laser diffraction particle size analyser (LS230, Beckman Coulter, Brea, CA, USA). Measurements of pH, bulk density (BD), CaCO 3 equivalents (CaCO 3 hereafter), CaSO 4 , salts and electrical conductivity (EC) were made following Zhang & Gong (2011) . These routinely analysed Q1, the first quartile; Q3, the third quartile; IQR, interquartile range; IQR/median is used to measure the variation of soil properties within the sample set; Min, minimum; Max, maximum; SOC, soil organic carbon; EC, electrical conductivity.
properties are used throughout CST to aid soil allocation to classes in the CST hierarchy (Table 1) .
Recording and preprocessing of spectra
Soil spectra were recorded in the visible and near infrared (vis-NIR) range of 350-2500 nm using a Cary 5000 spectrometer (Agilent Technologies, Santa Clara, CA, USA) with a diffuse reflectance accessory under controlled laboratory conditions. Before spectra were recorded, soil samples were air-dried, ground to pass through a 60-mesh (0.25 mm) sieve and then oven-dried at 45 ∘ C for 24 hours. Detailed information on the spectral measurement protocols can be found in Zeng et al. (2016b) . Spectra were sampled at 1-nm intervals, resulting in 2151 wavebands in total. Spectra were first transformed to absorbance and then the first derivative transformation with Savitzky-Golay smoothing (Savitzky & Golay, 1964) was used to correct the baseline effects. The processed spectra were centred and decomposed to unstandardized principal components (PCs) by principal component analysis implemented in the R 3.2.3 (R Core Team, 2018) function prcomp, which uses singular value decomposition of the variance-covariance matrix formed from the centred spectral data matrix. We chose unstandardized components (from the variance-covariance matrix) rather than standardized to retain the relative influence of spectral bands with more variance. These are expected to represent more variance in soil properties. The first seven PCs explained 90% of the total spectral variance (Table 2) and the graph flattened at this point in a plot of variance explained against number of PCs (Table 2 ; graph not shown). However, adding more PCs up to PC19 still made a difference to the classification results (see below). Thus, we retained 19 PCs for subsequent analysis.
Taxonomic distance of soil profiles based on spectra
Taxonomic distances based on the PCs of the spectra were computed for all pairs of profiles, resulting in a taxonomic distance matrix. There are different methods for the calculation of taxonomic distances (Carré & Jacobson, 2009 ). Here we used the joint distance method introduced by Carré & Jacobson (2009) . This first scales each profile linearly to a common thickness (here 1 m), thereby reducing the effect of depth weighting, and then applies the utilitarian distance, which is a horizon-thickness weighted average after scaling. Figure 2 and Equation (1) illustrate how this was calculated. These authors established that this distance measure is suitable for matching horizons of varying thickness in numerical taxonomy. That is, it removes the effect of thickness while still preserving the most important relations between analogous horizons of different profiles. The median and mean sampled depths of the profiles in our dataset were 110 and 94 cm, respectively, and the standard deviation was 32 cm, so that the rescaling was over a limited range. Distances were calculated for the corresponding horizon of each pair of profiles. Because the profiles were all scaled to the same thickness, there was always a correspondence. Then the distances between each pair of profiles were computed as the sum of the distances between their corresponding horizons, weighted by thickness (Formulae 1):
where d i are the Euclidean distances in feature space between the corresponding ith horizons of Profiles S1 and S2 after scaling (see Figure 2 ), H represents the horizon spectra (e.g. H 11 and H 21 are the spectra of the first horizon for Profiles S1 and S2, respectively), P is the scaled horizon depth (e.g. P 11 and P 21 are the depths of the first horizon for profiles S1 and S2, respectively) and Dp is the profile distance calculated as the sum of the horizon distances between profiles S1 and S2.
Hierarchical cluster analysis
Hierarchical cluster analysis (HCA) (Hastie et al., 2011) was performed on the taxonomic distance matrix to derive soil classes based on the spectra. The HCA produces a dendrogram with the similarity between (groups of) individuals represented by the length of the connecting link in the dendrogram. Clustering can be divisive (top-down, successively splitting the whole group into subgroups and finally individuals) or agglomerative (bottom-up, joining individuals into groups and groups into increasingly general groups). We chose agglomerative clustering to emphasize the similarity between individuals, intuitively corresponding to the method by which CST and similar systems were developed from field observations of individuals to form increasingly general taxonomic classes (Smith, 1986) . This analysis was performed with the function hclust in the package R 3.2.3, with the option to use Ward's minimum variance method for agglomerative clustering (Hastie et al., 2011) . This method aims to find compact and spherical clusters. A feature of HCA is that the number of classes can be set by users based on their requirements or based on a given taxonomic distance in the dendrogram. The ideal situation would be to have eight clusters that match the eight soil Orders. However, there is no guarantee that the clusters formed from cutting the dendrogram at a given distance will match the external clustering of profiles into soil Orders. Therefore, we used two methods to search for an optimum number of clusters based on the dendrogram: internal (i.e. where the clustering produces the best separation considering only the spectra) and external (considering the match between the spectral clusters and the CST Orders). We compared two to eight spectral clusters.
For the internal assessment we compared five metrics computed by NbClust (number of clusters) in R (Charrad et al., 2014) : the Frey, silhouette, McClain, Dunn and CIndex metrics, all of which can be calculated directly from distances. Equations and references to the original papers and interpretations of these are given by Charrad et al. (2014) . These indices compare ratios of within and between-cluster compactness, either in terms of property distances or similarities. We used a set of diverse indices to suggest the number of clusters to be assessed externally, as explained below.
For the external assessment we used the adjusted Rand index (ARI, see Equation (2)) of correspondence between two clustering methods used by Carré & Jacobson (2009) , implemented by the fpc (flexible procedures for clustering) in R, which varies from −1 (perfect disagreement) to zero (expected under random assignment) to +1 (perfect agreement). Although there is no standard criterion of compatibility, intuitively a taxonomist would certainly hope for correspondences greater than 0.5. The two groups of clusters were (i) assigned by HCA and (ii) assigned by pedologists:
where n ij is the number of soil profiles that are classified as belonging to spectral cluster i and CST Order j, n i is the number of profiles classified to spectral cluster i and n j is the number of profiles classified to CST Order j.
Results and discussion
The 191 profiles were classified into eight CST Orders; these and their approximately corresponding classes in ST and WRB are listed in Table 3 .
Information on soil spectra
Mean spectra for the eight soil Orders in the study area are presented in Figure 3(a,b) . Histosols can be clearly differentiated from other soil Orders; they have the smallest reflectance and a concave shape in the visible region because of contents of SOC (Ben-Dor, 2002) . Aridosols and Halosols have similar spectral shapes with overall large reflectance values, and the absorption features of carbonates can be observed around 2336 nm (Fox et al., 2017) . The Figure 3 Mean spectra for the eight soil Orders and four soil classes presented in the form of reflectance and processed spectra ((a) and (b) are the mean spectra for the eight soil Orders, whereas (c) and (d) are mean spectra for the four soil classes derived from numerical classification). [Colour figure can be viewed at wileyonlinelibrary.com]. 
Classification results based on soil spectra
The internal evaluation by Frey, silhouette, McClain, Dunn and CIndex indices gave various optimum numbers of spectral clusters: three, two, two, two and four, respectively. We then tested two to four spectral clusters as suggested by this evaluation against the eight soil Orders assigned by pedologists. The resulting ARIs were 0.002, 0.047 and 0.069 for two, three and four spectral clusters, respectively. Therefore, we settled on four spectra clusters for the subsequent analysis. Note that even the best ARI was a poor result: there was not a strong overall match between spectral clusters and CST Orders for this set of profiles.
The cross-classification matrix of the four spectral classes against the eight CST Orders is given in Table 4 . Overall, there is poor agreement. For example, row-wise, taking the most probable CST class for each spectral class, spectral classes 1 and 2 correspond best to Cambosols. Column-wise, six different soil Orders relate to class 2, dominated by Cambosols and Aridosls. Thus, it was not possible to make a one-to-one correspondence of the modal groups between the two classifications or to group several of the eight Orders into one of the four spectral classes. This result was similar to that of Carré & Jacobson (2009) , who found a weak correlation between numerical taxonomy and the Australian soil taxonomy, although they used physiochemical properties instead of soil spectra.
The allocation of soil profiles based on soil spectra was uneven. Class 2 had 120 profiles, more than 60% of the total dataset, whereas class 4 had only two profiles. All Isohumosols were allocated to spectral class 1 and confused with Cambosols in this class. Nevertheless, this corresponds to the close similarity between the two Orders. In the CST, unlike the ST, Mollisols and Isohumosols need not only a mollic horizon but also a gradual decrease in organic matter with depth: "the ratio of humus (Rh) storage within 20 cm of the surface to that within 100 cm of surface is 0.4 or less" (Cooperative Research Group on Chinese Soil Taxonomy, 2001). Those that do not meet these requirements become Mollic Subgroups of Cambosols. In regions with mollic horizons these two Orders can be confused easily in both the field and laboratory if care is not taken to subsample the mollic horizon. Our method did not explicitly consider the differences between adjacent horizons within a profile; therefore, it could not find relative values between horizons, such as required by the Rh criterion.
Primosols occurred in all four classes (the majority were in class 2), which corresponded with this Order's definition to include poorly developed soils from any parent material without typical diagnostic horizons or characteristics that can be distinguished by soil spectra. Of the soils developed in arid conditions, Aridosols were mainly in class 2, whereas Halosols were distributed in classes 2 and 3. Halosols and Aridosols were present in both classes 2 and 3. The CST classification keys to the two soil Orders share one diagnostic horizon: the salic horizon. The principal feature separating these two Orders is the presence of an aridic epipedon (not defined in ST or WRB) for Aridosols, which requires morphological observation in the field to determine it and thus is impossible to evaluate by spectra. Class 4 contained one profile of Primosols and Aridosols.
The average spectra of the four soil classes are shown in Figure 3 (c,d) . The spectra of Class 4 can be discriminated easily from the other classes; it is characterized by the largest overall reflectance and strong absorption features around 1940 nm that can be attributed to the bound water of clay minerals (Demattê & da Silva Terra, 2014) . In addition, there is pronounced absorption around 2400 nm, possibly related to large concentrations of calcium carbonates and gypsum (Hunt & Salisbury, 1971) .
Class 1 groups profiles with the largest amounts of SOC (mean 3.8%), leading to the smallest reflectance in the visible range (380-700 nm), making it clearly differentiated from other soil classes. The soil profiles allocated to this class developed mainly under a Gelic or Cryic temperature regime and were mostly weakly developed Cambosols. The low temperature favours the accumulation of SOC. In addition, the surface horizons of profiles included in this class were mostly mollic, mattic and histic epipedons. The mattic horizon is defined only in CST and refers to matted roots forming a semi-organic mat in Alpine environments (Cooperative Research Group on Chinese Soil Taxonomy, 2001). The common features of these epipedons are a relatively dark colour and large SOM contents, leading to the smallest reflectance in the visible range (Ben-Dor, 2002) .
Profiles grouped in class 3 were soils developed in arid conditions with small SOC contents, large contents of salts and the largest amount of gypsum. The average spectra of class 3 had large reflectance overall, possibly jointly contributed by small SOC and large salt contents. They were also characterized by strong and typical absorption features of haematite centred around 568 nm (Scheinost et al., 1998) . In addition, there was moderate absorption around 2400 nm from calcium carbonate and gypsum (Hunt & Salisbury, 1971) .
Several soil types were grouped in class 2, mostly Cambosols, Aridosols and Primosols. All six profiles of Anthrosols were in this class. The average spectrum had moderate overall reflectance, mainly because of the moderate range of SOC contents. Minor absorption features, compared with other spectral classes, occurred around 1400, 1900 and 2200 nm. Figure 3(d) shows that classes 2 and 3 were not well discriminated.
Viscarra used only four spectral classes to describe soil variation across Australia. This might indicate the limitation of soil vis-NIR spectra, which can only deal with soil properties with direct or indirect spectral responses, such as soil mineralogy, colour, SOC, iron oxides, particle size, carbonates and structural water. Further, the spectral response to different soil properties might overlap with or hinder each other (e.g. SOC and iron contents), leading to the phenomenon of 'similar spectra, different soil properties' or 'different soil properties, similar spectra'.
The four clusters derived from spectral taxonomic distance did depict the major soil types in the study area. Cambosols and Isohumosols with large contents of SOC developed in the Qilian mountain areas with high elevation and low temperature were best represented by class 1. Aridosols and Halosols, developed in the arid lower reach with large concentrations of salts and gypsum, matched class 3 well. The dominant soil Orders in this set of profiles are Cambosols and Primosols, which are distributed over the whole basin and were mainly clustered in class 2.
Comparison of numerical taxonomy and the CST system
The computed adjusted Rand index (0.069) shows the weak compatibility between the eight Orders of a monothetic hierarchical classification system based on expert judgement related to presumed pedogenesis (CST) and an optimal number of clusters derived by numerical classification based on spectra.
The inconsistency between numerical taxonomy and CST is explained best by the fact that for CST, as for ST and WRB, (i) profile morphology is the most important diagnostic criterion and (ii) diagnostic criteria based on quantitative soil properties are defined by sharp thresholds. For example, Aridosols are defined as soils that have "an aridic epipedon and one or more of the following diagnostic horizons: salic, hypersalic, salipan, gypsic … whose upper boundaries are within 100 cm of the mineral soil surface". Thus, the presence or absence of an aridic epipedon must be identified first; if present, the listed diagnostic horizons will be checked. If present, the soil profiles will be allocated to the Aridosols. The rules of sequential navigation for the monothetic hierarchical key of CST (as well as WRB and ST) determine that for allocation to a certain soil class, some diagnostic epipedons or horizons are prioritized (i.e. appear earlier or more frequently in the keys). By contrast, for numerical classification based on taxonomic distances, equal weights are given to all properties or spectral bands. Earlier work with more success, for example Hole & Hironaka (1960) , Bidwell & Hole (1964) and Fuchs et al. (2015) , used diagnostic field properties taken directly from the classification system. Thus, their clustering was based on the same criteria as in the keys, unlike our approach of using spectra.
The use of crisp thresholds in the keys to CST and other monothetic systems such as ST and WRB is the other reason for the weak correspondence. The CST is a hierarchical classification system based on diagnostic horizons and characteristics, which are defined by a set of quantitative thresholds. These are established according to the taxonomists' opinion of their importance for pedogenesis and soil survey interpretation, and are expected to lead to meaningful and useful classes for these purposes. For example, the separation of a Calcic horizon, Calcic evidence and Calcaric property (reflecting different levels of CaCO 3 accumulation) are determined by quantitative thresholds of CaCO 3 concentrations; for example, CaCO 3 equivalents need to be within the range of 150-500 g kg −1 to qualify as a Calcic horizon. Thresholds were chosen by the CST designers to reflect inflection points in important soil functions; the choices were based on expert opinion from field experience in soil use and management. These quantitative thresholds cannot be detected directly by clustering spectra, although the quantity of CaCO 3 is implicitly included in the spectral signature (e.g. Gomez et al., 2012) . Therefore, these thresholds cannot be included directly in the allocation based on taxonomic distances.
The above discrepancies related to the structure of CST and similar systems were already clearly predicted (although not with the application of spectra in mind) in the strong criticism by Webster (1968) of ST's predecessor and by implication all its successors; hence that paper's argument for a polythetic system that could be arranged in a hierarchy by numerical methods.
In addition, many taxonomic distinctions in CST and similar systems depend on horizon sequence and thickness. We did consider horizon thicknesses and used these as weights in the calculation of taxonomic distance; further, the horizons were compared according to the same depth sequence, according to the joint distance method. However, this comparison might not be of help in terms of genetic processes, because comparing by depth might only result in part of an A horizon being compared with part of a B horizon, or a Bt compared with a Bg. Furthermore, the links between interconnected horizons were not considered. These are important for the identification of some diagnostic horizons in the CST system, such as the Argic horizon, which is compared with overlying horizons. In addition, information about the occurrence of diagnostic characteristics with the required thickness and within the required soil depth cannot be resolved by taxonomic distances.
In our study area, about 60% of the profiles were either Cambosols or Primosols; that is, young soils with poorly developed diagnostic features and a wide range of properties, and thus spectral forms. The CST defines these mostly by the absence of well-developed diagnostic horizons and features; if such are present, profiles are classified into Orders defined previously in the classification key. This reflects the pedogenetic bias underlying CST, as well as in other similar systems: groups other than the Cambosols and Primosols are defined semi-quantitatively based on horizons and properties diagnostic of major pedogenetic processes (Gerasimova, 2010) .
Numerical taxonomy as a complement to a hierarchical system
It is well established that spectra can separate soils based on their properties; for this purpose, spectral libraries have been established to aid the quantitative assessment of soil properties (Viscarra Rossel et al., 2016) . Our aim was to see whether the properties reflected in the spectra could separate soils assigned by a classification system. In our case the agreement between numerical classification based on spectra and that of the CST is poor because the two systems differ fundamentally and because of difficulty in the discrimination of soil Orders in this particular area, which is dominated by Cambosols and Primosols. The same problem would be expected if these profiles were classified in ST as Inceptisols and Entisols, or in WRB as Cambisols and Regosols. The discriminating power of spectra might prove better where soil profiles have more distinctive diagnostic properties and more differences between them, for example a set of CST Histosols, Ferralsols, Vertosols and Argosols.
In contrast, numerical taxonomy provides an objective grouping and measure of distance between individual soils, once the set of properties to include and the method of distance calculation are decided. This can reveal to the taxonomist the objective relation between the defined classes revealed by the specific grouping method used; it can also suggest new groupings. In this sense, numerical taxonomy is a complement to current soil classifications such as the CST, ST and WRB.
A drawback to numerical taxonomy is that different hierarchical clustering methods with the same properties, clustering with different sets of soil properties and different depth-weighting schemes will produce different results. For example, in our chosen agglomerative method, groups once formed at a lower level were grouped progressively at higher levels, but no individual can be reallocated. Other methods do allow this. Although we felt justified in selecting a method that first groups the most similar individuals and then forms larger groups, other choices could be justified, such as the divisive methods that make successive splits of the entire set.
The average taxonomic distances between different CST Orders based on spectra ( Figure 6 ) can be used to compare their similarity or dissimilarity in feature space. Note that because there was only one profile sampled each for the Orders Histosols and Gleyosols, they were excluded for distance calculation. This might be useful information to those considering revision to CST and a similar analysis for other systems with similar structure. There was some agreement with CST in terms of similar or dissimilar soils. Cambosols and Isohumosols were closely related as explained above; this corresponded to the narrow definition of Isohumosols, whereby some soils with mollic horizons were classified as Cambosols because of the depth distribution of SOC. This result might cause the system designers to reconsider that requirement. Halosols and Aridosols (both developed in semi-arid environments) were also considered similar by soil spectra because important relevant properties for defining these two Orders, notably soluble salts, calcium carbonates and gypsum, can be detected by vis-NIR spectra.
A major advantage of numerical taxonomy is that the classification and evaluation of an unknown soil profile can be performed by comparing its taxonomic distances with other reference soil profiles. The concept of 'multiple comparisons' or 'multiple allocations' can help to avoid the phenomenon of what Butler (1980) termed the 'taxonomic chop' in current classification systems, wherein very similar soils are allocated to different classes simply because of the sharp thresholds used in the monothetic system. For example, Isohumosols in the CST system are required to have a mollic epipedon: by definition, if the depth of the A + B horizon is > 75 cm, the thickness of the mollic epipedon needs to be > 25 cm to qualify. In our cases, there were soil profiles satisfying all the requirements of Isohumosols, except for thickness of the mollic epipedon (for example, 23 cm), which failed to satisfy the rigid threshold. Thus, this profile was allocated to a different soil Order, Cambosols, because of a 2-cm discrepancy, regardless of all the other similar features it shared with Isohumosols. Taxonomic distances as a measure of soil similarity can provide an alternative solution to this problem; we discussed this in a recent paper, with examples linked to the present paper (Rossiter et al., 2017) .
Our study was in a fairly large region (271 000 km 2 ) with a limited but diverse set of taxa, some of which showed strong contrasts in properties and land-use potential. In smaller regions and with taxa selected for their contrast, such as the Kansas soils studied by Bidwell & Hole (1964) , our method using spectral contrasts might be more successful. Over larger regions with a wider variety of soils, the number and diversity of taxonomic classes would probably overwhelm the amount of information available from spectra alone.
Conclusions
Our hypothesis of partial agreement between numerically classified clusters of profiles based on spectra and the groups represented by soil Orders of CST was only weakly justified. This was mainly because of the large number of poorly developed soils with few distinctive diagnostic features that could be identified by spectra and the limited range of soil Orders. The hypothesis might have been supported better with more developed soils and a wider range of Orders. In relation to our contention that numerical clustering could reveal inconsistencies in current monothetic hierarchical systems, we certainly showed contradictions. It is now up to the pedologists revising CST or a similar system to decide what to do with this information.
